sparsity-a currently popular method to enhance the discriminative ability of multivariate models-may reduce the insight into the underlying hierarchical variability in cell chemistry. Although developed for cytometry, the presented chemometrics will be highly valuable to many more chemical systems where hierarchical arrangement of the molecules plays a crucial role.
This mixture may be measured on a single-cell level with Multicolour Flow Cytometry (MFC). Finding such cellular and molecular markers is of the utmost academic and diagnostic importance. Several advanced data analysis methods therefore aim to meet the considerable data challenge of resolving such cell mixtures. These multivariate methods are more resource-efficient than the manual analysis of MFC data, called sequential gating, but also likely provide additional biomedical insight compared to the conventional bivariate approach. To compare such methods more comprehensively than has been done until now, we have developed a list of criteria on how each method recovers the information on both the cell and the underlying molecular levels on an MFC sample of an asthma patient. We compare these methods for the chemometric data analysis commonly used in metabolomics. This shows that all compared methods have their own advantage in recovering the sequential gating results, giving insight into the limitations of sequential gating, providing insight into the chemical relationships between cells within the mixture and resolving information related to chemical heterogeneities between cells. We furthermore show how comparative analyses of different samples may lead to further insight into the subdivision of cells into different types based on their immunological involvement in asthma development, and how sparsity-a currently popular method to enhance the discriminative ability of multivariate models-may reduce the insight into the underlying hierarchical variability in cell chemistry. Although developed for cytometry, the presented chemometrics will be highly valuable to many more chemical systems where hierarchical arrangement of the molecules plays a crucial role.
Introduction
Advances in analytical technology have led to considerably broader and deeper insight into biomedical systems. Omics technologies have greatly increased the breadth of molecular species, 1 simultaneously interrogated for disease involvement. Immunology, however, has focused on the analysis of mixtures of protein molecules expressed on the surface of specic cells, 2 to assess their role within the immune system. The true value of such analytical technologies only comes forward in the translation of the relatively abstract data they provide, e.g. spectra or chemical proles, into evidence-based biomedical decision support. Such translation affects the interpretation of the result, which is essential for the enduser to understand how a specic model may support research or treatment decisions.
Capture of the considerable diversity in surface protein expression on a mixture of single cells requires separate analysis of the quantitative surface protein expression on each individual cell in e.g. a blood sample. Multicolor Flow Cytometry (MFC) may perform this in high-throughput 3, 4 by measuring uo-rescently conjugated antibodies specically attached to the surface proteins on the membranes of white blood cells. A laser then excites every cell, which was previously brought into a laminar ow of thousands to millions of cells. The measured uorescence is then a quantitative readout of the targeted surface protein expression on each cell.
MFC may be used to detect the pedigrees of white blood cell types that exist within the immune system. Identication takes place by a relatively small number of around 250 surface proteins, 2 where, currently, standard MFC technology allows the simultaneous measurement of eight-although this number is consistently being increased through technological innovations. [5] [6] [7] The variability in the quantity and quality of the surface proteins on a cell, however, gives rise to a considerable diversity in both known and unknown cell types, making ow cytometry a potential member of the omics family as a proling or ngerprinting technology. 8 Multicolor ow cytometry, therefore, generates data with a hierarchy of information: the measured molecular mixture on each cell determines its identity, 'type', while the number of cells of that type-in combination with all other cell types-determines the activity of the immune system. Understanding the system requires an understanding of how many cells of each type it contains and how much of every surface protein they express, also compared to other samples.
Data from an MFC sample is conventionally analyzed by so-called 'gating': arranging cells into pre-specied types by sequentially setting thresholds on each surface protein expression, either alone or in selected bivariate combinations.
9
This provides fractions of each cell type within each sample that may be tested e.g. between the control and clinical phenotype samples. Manual gating is therefore resource-intensive, potentially subjective, and expertise-dependent. It precludes analyses of more than two proteins simultaneously and thereby limits the discovery of novel, as yet unknown, cellular activity, as is the objective in omics. The discovery of hitherto unknown systematic continua in protein expression in cells that until then were believed to belong to a group of cells with homogeneous protein expression requires more efficient and automated methods that are lessreliant on prior information. This need has led to a number of high-impact publications on quantitative methodologies for MFC data [10] [11] [12] that show the strength of machine learning to cluster the single-cell MFC data into aggregates that align with different cell types. They make extensive use of the recent developments in data science and bioinformatics. However, the connection to the considerable data analysis expertise in metabolomics is sparse. Some authors 13 even explicitly dismiss the contributions of chemometric methods, such as principal component analysis, to the systemic analysis of omics data. The chemometrics expertise in the quantitative processing of mass spectrometry and nuclear magnetic resonance spectroscopy data may, however, be both insightful and powerful in resolving chemical variability. Chemometrics is very strong in validation, visualization and data preprocessing. We have recently introduced the hierarchical perspective essential for MFC in the Discriminant Analysis of MultiAspect Cytometry (DAMACY) 14 method, with which the abundance of cell types can be systematically compared between samples.
In this paper, we explore the ways in which manual sequential gating, machine learning and chemometrics compare, and show complementary strength in the analyses of the hierarchies of MFC data, to resolve molecular and cell mixtures into insightful contributions to the immune system. We compare SPADE, Flow-SOM, t-SNE and PCA biplots, by evaluating how they reproduce sequential gating. Comprehensive assessment and comparison of unsupervised models is challenging. It may be facilitated by an error free 'golden standard'. Such a comparison was done in FlowCAP. 15 However, FlowCAP only quantitatively compares these models based on heuristic measures but not on how well the models are interpreted and how they extract information from the data. We base our analysis on comparisons with sequential manual gating, in terms of resolution, cluster size, recovery of rarer cell types and systematic heterogeneity in surface protein expressions. We use a representative asthma sample from an MFC analysis for the immune response associated to asthma.
Moreover, we evaluate how these methods provide complementary information on the cell composition, in terms of nding a mismatch in the sequential gating where only univariate or bivariate combinations are used instead of the whole multivariate space and in terms of nding new cell subtypes or cellular heterogeneity. Finally, we compare how these methods provide chemical insight in terms of the relationship between proteins or cell clusters, and whether the methods have a heuristic measure of the quality of the model.
In the second part, we compare all samples from the asthma study by calculating the percentage of each cell type found with sequential gating of each individual and subsequently performing multiple two sample t-tests or PCA and compare this with the multivariate method DAMACY and Citrus 16 in terms of nding all the relevant discriminating cell (sub)types and describing the complete cellular heterogeneity.
Material and methods
Resolving cell mixtures in an MFC study involves two separate operations: rst, the different cells need to be differentiated based on their chemical surface protein proles. Then, the role of these mixture constituents in a biomedical study needs to be further studied in a comparison between MFC samples. Several approaches are available for both operations.
Resolving the cells within an MFC sample (Manual) sequential Boolean gating. Contemporary clinical ow cytometry uses sequential Boolean gating, 9,17 consisting of selecting cells in uni-or bivariate surface protein histograms (Fig. 1) . This selection may then be sequentially rened by comparison to expression(s) of other markers, until all discoverable cell types have been separately identied and quantied. This approach requires considerable prior knowledge on the most relevant markers to observe and combine. The gating strategy for the studied representative asthma sample (Fig. 2) provides fractions of fourteen cell types in the sample. The dened gates may be used (or slightly modied to match the individual variance) to unmix other MFC samples from the same study.
SPADE. Spanning-tree Progression Analysis of Density-normalized Events (SPADE) 10 uses agglomerative hierarchical clustering based on Euclidean distances, up to a user-dened number of clusters. As this operation is computationally intensive, it down samples the data while keeping intact the local density: cells from abundant cell types are less-oen sampled than cells from lessabundant types. The method removes cells with very low local densities as outliers. The method uses many more clusters than the number of expected cell types, to model systematic continuities in surface marker expression. SPADE represents these many clusters by a minimum spanning tree in combination with the Kamada Kawai layout, in which cluster nodes are connected in a tree with multiple branches 18 that indicate specic changes in surface protein expression that may relate to hematopoietic relations between cell types and continuity within a cell type, see Fig. 3b . Like all other methods we describe hereaer, SPADE observes the multivariate expressions of all markers simultaneously.
FlowSOM. Another popular clustering method in clinical ow cytometry is FlowSOM, based on the Self Organizing Map (SOM). 12, 19, 20 It arranges all cells within the sample onto a two-dimensional grid of cluster nodes, where proximal nodes are most similar. FlowSOM uses the same minimum spanning tree representation as SPADE, see Fig. 3a . As SOM calculates more efficiently than the clustering of SPADE, FlowSOM does not need to down sample the cells to become computationally feasible. t-SNE. The currently most widely used dimension reduction method for MFC data analysis is t-distributed Stochastic Neighborhood Embedding (t-SNE).
11,21
Stochastic neighborhood embedding converts the high-dimensional Euclidean distance between the surface protein expressions of cells into a non-linear map of usually two dimensions (see Fig. 5 ). In this map, cells with similar highdimensional expressions are plotted close to each other, while cells with more diverging expressions are placed much further away. The method aims to mainly represent similarities between cells, but the differences between cell types may be strongly disrupted, such that clusters may appear throughout the map.
Chemometrics: principal component analysis and partial least squares
Chemometrics is the research eld that develops quantitative data analyses for chemical analytical technologies. 22 It has proven essential for systematic insight into chromatographic, spectroscopic and otherwise multivariate chemical data and is considered a cornerstone of metabolomics.
23
Principal Component Analysis (PCA) 24 for exploratory analysis and Partial Least Squares (PLS) 25 for multivariate regression and discrimination are essential tools for metabolomics. A PCA model results in scores of every sample on the 
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Like cluster-based methods, PCA and PLS are multivariate. This enables prediction of sample properties from relatively large numbers of correlated predictor features, which provides an alternative to the lasso regularized regression used in Citrus: 16 for PLS the number of samples in the data restricts the maximum number of features that may be simultaneously identied as biomarkers-although the simplicity of the lasso-imposed sparsity may exceed this simplicity further. However, another concomitant advantage that is also highly important to explore the data with PCA, is the increase in resolution between samples that the linear correlations between predictors may bring, compared to t-tests of the separate features, the 'multivariate advantage'. 27 This has received relatively little attention in the literature.
PCA biplots. Although already proposed for the analysis of MFC data, 28 and essential in a standard methodology to resolve leukemia, 29 using PCA for MFC data has been largely vocally dismissed. "Principle components analysis has been used classically to calculate linear vectors through all measured parameters, thus identifying those combinations that describe the most variance in the data and relationships between samples. However, this method is not generally useful to immunophenotyping data, because of the general lack of correlations of expression in most surface proteins."
13 This is one of the drivers for the popularity of non-linear methods such as t-SNE 11 for the analysis of MFC data, but disregards the considerable efforts undertaken to linearize the response of MFC technology to the quantitative surface protein expression on the single cell. 30 It also disregards how helpful PCA has been in resolving the complex mixtures in metabolomics and other omics elds. In metabolomics, the non-linearity of the underlying biological system is recognized. The correlation strength between two metabolites may be interpreted as proximity in the biochemical pathways, which may similarly hold for the expression levels of different surface proteins.
Linear methods like PCA (and PLS) do, however, come with signicant benets in interpretation and model validation, also for MFC data. The correlation structure between surface protein expressions in the loadings may be simultaneously represented with the PCA scores of every cell. A model of e.g. two PCs may closely resemble the t-SNE map in ordinating each single cell (see Fig. 6 ) but PCA provides direct feedback to the expression of each protein, and the relationships between proteins, through the loadings that serve as calibrated axes through the biplot map. The loadings may thereby serve as a compass-like guide to show which antibody expressions are most variable and which are highly correlatedindicating co-expressions. They also show on which cells and cell clusters within the MFC sample this co-expression is most prominent. The linearity of PCA also allows the calculation of which percentage of the variation in the original data is represented in the schematic representation, which is at least not-yet available for t-SNE, SPADE and FlowSOM.
Comparing MFC samples
The results from a sequential Boolean gating for a case-control study may be compared by a two sample t-test. This then indicates which cell type fractions are signicantly different between the two groups, see Table 2 . Alternatively, the resulting fractions from the gating may be analyzed with PCA, see Fig. 7 .
9 This however relies on sequential Boolean gating with its inherent drawbacks. Therefore, we compared two methods that use the more informative methods to analyze cell mixtures to nd hierarchies through which surface proteins drive cellular disease biomarkers. Citrus. Citrus 16 uses an agglomerative hierarchical clustering similar to SPADE to arrange the cells into clusters. The clusters must contain at least 5% of the measured events and the hierarchical larger clusters are also included, thus cells may be assigned to multiple clusters. To nd differences between sample groups, the clusters are compared between sample groups with a lasso-regularized regression. The lasso provides a 'sparse' result of cluster nodes that are sufficient to optimally discriminate between the groups. This sparsity serves the same objective as the dimension reduction of PLS-DA: avoiding collinearity. Note that down sampling by randomly taking 5000 cells per sample is applied to computationally efficiently validate the model with ten-fold double cross validation with twenty iterations. 31 The same minimum spanning tree is used to represent the data as in SPADE and SOM, see Fig. 8 The method rst builds a PCA model on the cells from all samples, weighting each MFC sample with the number of cells it contains and applying appropriate centering, to avoid dominance of samples with more cells in the model. As far as we know, DAMACY was the rst method to apply such a correction. Instead, some methods use down sampling with the risk of losing important rare cell (sub)types.
The single-cell scores per sample are then transformed into 2D smoothed histograms, of which the bins may be compared between samples. This comparison is then performed with OPLS-DA, 26 of which the predictions serve as estimators for class membership and the weights of each bin extracted from the 2D PCA plot may be evaluated for a higher or lower abundance of the corresponding cells for either the control or clinical phenotype individuals, see Fig. 9 .
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The loadings from the cell-level PCA biplot may then serve as guides to interpret the surface marker co-expressions on these differentiating bins. We validated the model with the same double cross validation as used in Citrus.
The asthma MFC data set
The data set contains 15 asthma patients (aged 22-78, x ¼ 57) and 10 healthy controls (aged 25-57, x ¼ 40), who were recruited at the respiratory outpatient clinics of the Churchill Oxford University Hospital, UK. 37 The study received ethical approval, and written informed consent was obtained. Aer inclusion, patients lled out symptom questionnaires, sputum induction was performed, blood was taken, and patients underwent FeNO measurements and lung functional testing. All patients were receiving appropriate asthma treatment at the time of blood withdrawal. The blood cells were stained with a panel of 8 antibodies including CD3, CD4, CD8, CD14, CD16, CRTH2 (CD294), CD123 and CD193. Aer staining, the red blood cells were lysed using a FACS Lysing solution (Becton Dickinson). The cells were measured on a LSR Fortessa ow cytometer (Becton Dickinson). Only single cells were included by using the correlation between the forward scatter (FSC) maximum height and the FSC area under the curve. Debris was removed by setting a minimum threshold based on FSC. The data was compensated to correct for the uorophore overlap, using a manually optimized compensation matrix following the principles described by Roederer et al. 38 The data was preprocessed by applying an arcsinh transformation with cofactor 150 and subsequently autoscaling either using the mean and standard deviation of the one specic asthma patient or of all individuals together corrected for the number of cells measured in each individual.
Results and discussion
White blood cells from asthma patients (and controls) are analyzed for the quantitative expression of eight surface proteins. Although this data is collected with the current standard in multicolor ow cytometry, the ndings may be expected to project directly to e.g. mass cytometry 39 and to emerging technologies like single-cell metabolomics. 40 None of the advanced data analysis techniques are intrinsically limited to a specic number of features. The study focuses on the identication of different cell types, differentiated by the immunological activity of the selected surface proteins.
The chemical resolving power of multivariate analysis
We rst focus on one set of cell types within the asthma blood samples: the monocytes. These expressions for a specic MFC sample may be represented as histograms (Fig. 1a and b) . Expression of CD14 shows division into two cell populations, we call them here A 14 The bivariate density scatter plot (Fig. 1c) shows the combined expression of both surface proteins on each cell within the sample: the combined expression of both surface proteins resolves the cells A 16 into a fraction of cells from A 14 and the classical monocytes B that highly and very reproducibly express CD14. In combination with the expression of CD16, A 14 may be subdivided into the cells that express very little of CD14 (population A 1416 in Fig. 1c) . A 14 also has contributions from eosinophils (C), non-classical monocytes/natural killer cells (D) and neutrophils (E) with consistent, yet increasing, CD16 expression. Although somewhat trivial, this shows that the combination between two markers reveals more about the surface protein co-expression in these populations. Combining CD14 and CD16 also reveals the intermediate monocytes F, a relatively small cell fraction (0.8%) that could not be observed in the expression of either separate surface protein, but resolves itself in the bivariate combination of CD14 and CD16. Contrary to the distinct populations A-E, cells F form a heterogeneous non-linear continuum in CD14 and CD16 expression that ranges between the classical and non-classical monocytes (B and D). The existence of this continuum is known, 41 but its presentation in different models may show their potential to discovery similar, as-yet unknown, continua.
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Although cell populations C-E may already be identied as somewhat resolved peaks in CD16, they still overlap to a certain degree-specically populations C and D. This shows that combining surface protein may also increase the resolution in unmixing cells into different populations. In fact, cell population D contains two distinct populations that may only be resolved by adding information on additional surface proteins in subsequent steps of the sequential gating.
Sequential Boolean gating of the asthma data ( Fig. 2) resolves fourteen cell types. The cell types (C-E) may be rst distinguished into small cells, monocytes and granulocytes, based on the Sideward SCatter (SSC) of each cell, a parameter representative of cell granularity (Fig. 2a) . Subsequently, they can be divided in eosinophils (C), neutrophils (E), NK cells (D1), non-classical monocytes (D2), intermediate monocytes (F) and classical monocytes (B) based on CD16 and CD14 expression. The SSC alone may not perfectly resolve these populations.
This gating strategy results in a subdivision of all cells into the fourteen cell types that could be observed in the asthma data by this approach (Table 3) into fractions for the specic representative sample in Fig. 1 and 2 . The sample contains a very high fraction of neutrophils, high fractions of monocytes, eosinophils, CD8 and CD4 T cells, and considerably smaller fractions of basophils, Th2 cells, Tc2 cells, double negative T cells and double positive T cells; all of these cells are, however, important to characterize asthma. The same gating may be performed for all other samples from the same asthma data set, thresholds may even be slightly altered to accommodate a slight shi in thresholds. Of specic relevance here is the sideward scatter, having a much poorer reproducibility between samples than the surface protein expressions. We therefore omitted this feature, as well as the front scatter of each cell, from the quantitative comparisons between MFC analyses presented further.
Although widely used, sequential bivariate gating has serious drawbacks: gating thresholds need to be set manually, using prior biological knowledge or experience, which both introduces arbitrariness and is highly resource-intensive. Gating the asthma data is also limited to interpreting four out of the 28 potential bivariate combinations, which makes it greatly hypothesis driven; even more so when more than eight surface proteins would have been interrogated. Thirdly, the approach does not scale beyond co-expressions of two surface proteins, which limits the resolution of cells dened on the simultaneous expression of more than two surface proteins. Semi-automated methods to dene gating thresholds 42 do not necessarily improve resolution between different cell populations, due to this bivariate limitation. 
Multivariate resolving of the cell mixture within an MFC sample
The SOM (Fig. 3a) Fig. 1c . This may be likely solved by increasing the number of nodes to e.g. better resolve the monocyte and T cell branch. However, adding more nodes also makes the tree less-well interpretable and there is no heuristic for the model quality other than compliance to sequential gating. Although the tree may for large parts be well-interpreted, several inconsistencies appear. A group of natural killer cells (D 1/2 ) is located near the intermediate monocytes (F) and classical monocytes (B) at the right-most end of the tree. Further inspection shows that the current sequential gating strategy may introduce an error caused by the limiting resolving power of the sideward scatter, see Fig. 2a . Several cells identied as natural killer cells (D1) are, in fact, nonclassical monocytes (D2). For the same reason, the 'non-classical monocytes' near the neutrophils (E1) may be small neutrophils. The SOM is thus able to discover mismatches in the sequential gating as it is able to use the 'multivariate advantage'.
The minimum spanning tree representation in Fig. 3a focuses on how the method reconstructs the sequential gating and does not give any view on the surface protein expression, but the same tree may be colored for average expressions of specic surface proteins (Fig. 4a and c) . The tree may have maxima for specic surface proteins (e.g. CD14 for the classical monocytes), but there may be multiple non-connected nodes for which expression is high, like for CD16. Investigating co-expression between proteins is thus limited, because you have to compare the nodes in Fig. 4a with Fig. 4c to nd the relationship between CD14 and CD16.
The SOM model needs to describe all surface protein variability simultaneously, which is reected here in how both branches orient towards each other: basophils (G) and eosinophils (C) are highly similar as they both belong to the granulocyte class, but the minimum spanning tree puts the basophils (G) on the same branch as the monocytes (B and D 1/2 ). In other words, the proximal nodes may be related but the distance between the neighboring nodes may be very large, thus investigating the similarity between nodes is limited.
The SPADE tree of the same representative asthma sample (Fig. 3b) shows that preprocessing with density-dependent down sampling leads to a tree with different characteristics to that from the SOM. The high-abundant neutrophils (E) and eosinophils (C) occupy a much more similar number of nodes as lowerabundant cells (CD8 T cells (T8), NK cells (D1) and monocytes (B and F)) compared with SOM. In SPADE, the number of cells for each cell type is related to the number of nodes and the cluster node area. SPADE resolves cell types well into cell type-specic nodes, even those that are lower-abundant. The continuum of the intermediate monocytes between the classical and non-classical monocytes is reected in SPADE, although F overlaps with D 1/2 and the classical monocytes (B). However, the down sampling removes rarer cell populations such as Tc2 and Th2 cells. Not removing these rare cells is also not wanted as that would result in a model which is very sensitive to outliers. The tree, however, also gives reection onto the sequential gating performance. Again, one of these NK cell (D 1/2 ) groups may be wrongly gated as nonclassical monocytes (D2).
The representation of the SPADE cluster nodes with the minimum spanning tree suffers from the same limitations as the tree based on the SOM cluster nodes. Namely, the surface protein co-expressions may also only be observed by separate surface protein-based tree representations, see Fig. 4b and d. Also SPADE deems the similarity of the basophils (G) to the monocytes more important than their high similarity to the eosinophils. Moreover, it splits CD4 (T4) and CD8/CD3DN (T8) into separate branches. Thus, the similarity between cluster nodes is limited.
Unlike the cluster nodes of FlowSOM and SPADE, the t-SNE map ( (Fig. 1c) . Furthermore, both endpoints are placed at opposite ends of the non-linear map, which does not reect their similarity in the surface protein expression. Also, in the t-SNE map, surface protein co-expression is not explicitly modelled and may only be revealed by coloring each cell with the expression level of a specic surface protein.
The NK cells split into three clusters, again one cluster (D 1/2 ) may be wrongly gated as non-classical monocytes, but a cluster on the le with a medium CD8 expression is also observed. This distinction between NK cells with very low CD8 expression and with a medium CD8 expression is not very common, but has been found earlier in humans aer a bout of exercise. 43 Thus, t-SNE may reveal additional information compared to the hypothesis driven approach of sequential bivariate gating. In hindsight, the SOM also describes these NK cells, however these cells are mixed with other cells and thus harder to interpret than in t-SNE.
The biplot shows the rst two principal components of the PCA model for this MFC sample (Fig. 6 ). These two PCs describe 65% of the total variation in surface marker expressions. PCA quanties how well the model reproduces the original data, unlike the other compared methods. These two principal components show how all sequentially gated populations have distinct locations on the map, and some are well-resolved like CD4 (T4), basophils (G) and eosinophils (C). However, many populations-including the high-abundant neutrophils-overlap with cells from other populations. The size of the clusters observed in PCA is determined by the heterogeneity in surface protein expression, but not by the abundance of the cell population: the area covered by the neutrophils is only slightly larger than that of the eosinophils, although their abundance is much higher. This makes the discovery of rare cell populations like Th2 and Tc2 challenging without further visual aids. The continuum between the classical (B) and non-classical (D2) monocytes by the intermediate monocytes (F) is visible in the model, albeit requiring visual aids to highlight the relevant cells due to overlap. The shape of the continuum is somewhat distorted compared to Fig. 1c , but this may be explained by the non-orthogonal orientation of both PCA loadings: as PCA describes all cells, and co-expressions of CD14 and CD16 with all other markers, the continuum is partially recovered and may be chemically interpreted. Although most cell populations overlap in the map, their proximity and location with respect to each other indicates linearly increasing surface protein expressions, a multivariate extension of sequential gating (Fig. 2) . The model loadings (indicated as arrows in Fig. 6 ) serve as direction indicators to quantify surface marker co-expressions for each cell. For example, basophils (G) and eosinophils (C), positioned next to each other in the PCA biplot, have similar surface protein expressions on CD123, CRTH2 and CD193 as their loadings direct towards these cells. Eosinophils are higher in sideward scatter (SSC), forward scatter (FSC) and CD16 expression, as these loadings direct from G to C. Basophils (G) have above-average expressions of CD3, CD4 and CD14, although the contribution of CD14 is less, indicated by its considerably shorter loading arrow. Here, the heuristic of the percentage of variance explained (65%) also comes into play. For example, the scores of basophils and CD4 T cells for PC2 are similar, which would suggest that both cell types have above-average expression of e.g. CD4, CD3 and CD193. However, CD4 T cells are only high on CD3/CD4 and low/medium on CD193 and basophils vv: principal components 3 and higher will describe such contrasts as they still explain 35% of all variation in surface marker expression. Table 1 shows an overview of the performance of the methods and Table 2 shows an overview of how each method recovers the sequential gating. The number of nodes in the SOM directly represents the number of cells per cell type. In SPADE, it is a combination between the node area and the number of nodes. In t-SNE, the cluster size is determined by the number of connected nodes and the cellular variability, and in PCA only by the cellular variability. In terms of distinguishing the cell types, t-SNE outperforms other methods as it is optimizing the local structure. SPADE is second best for the larger cell types, but, due to the down sampling, completely detrimental for rare cell types. In SOM and PCA, most cell (sub)types overlap, however this overlap does show the continuous intermediate monocytes F with PCA. The resolving power in t-SNE proved malign for these intermediate monocytes as these cells were counterintuitively split.
All methods were able to nd the mismatched NK cells that were in fact nonclassical monocytes. SOM was able to nd a heterogeneity in eosinophils, t-SNE found two natural killer subsets and PCA nds surface protein co-expression. Thus, multivariate methods are able to nd complementary information.
The principal component biplot ordinates the cells by linearly retaining the quantitative surface protein expressions, i.e. the cell chemistry, into a map constructed on the largest variation in these expressions. Mutual cell distances in the PCA biplot can be associated to quantitative differences in the surface protein expression throughout the map, via the surface protein loadings. This chemical insight is not directly extracted from the gures made by SOM, SPADE and t-SNE, but indirectly extracted when, for each surface marker, a new gure is plotted with the intensity of that surface marker, e.g. see Fig. 4 . PCA furthermore stands out in that it provides a heuristic approach to quantify the recovery of the data by the model, i.e. the variance explained per PC, which is very useful as a warning for over-interpreting the data.
These observations have been performed on only a single data set, but it is the rst comparison of such detail among all these methods that we have come across. Additional criteria may be most relevant, where we have omitted that of calculation speed on purpose. Unmixing the cells into different types is, however, a task with a specic objective: this makes each method appropriate for a specic task.
Comparing MFC samples
The methods that were presented to resolve MFC samples into cell populations based on their multivariate surface protein expressions provide insightful views on the distribution of the cells across different types. However, in most applications of MFC technology, the comparison between samples, in e.g. a case-control study, is of primary interest to determine which populations vary between MFC samples and differ between sample groups.
Although variability in cell abundances among both control and asthma samples may be considerable (Table 3) , the study shows that neutrophils and Table 1 Overview of the performance of the methods, SOM, SPADE, t-SNE and PCA. The methods are scored from poor to reasonable, good and very good. Limited means that it is only possible upon further inspection of the data but not possible to extract from the figures made. In this table we aimed to briefly qualify every method, however for a full description we refer to the respective result sections These t-tests give a relevant indication of which cell types are relevant. However, it ignores heterogeneity between individuals or multivariate relationships between the abundances of different cell types. A PCA biplot on the cell-type fractions within all MFC samples (see Fig. 7 ) already provides much deeper insight into the study. Systematic variation between asthma patients and control samples is the largest source of multivariate variability. The loadings show that most cell types are more abundant for the control than for the asthma samples, but that neutrophils are more abundant for all asthmatic patients, as its loading is directed towards the average of all asthma samples, which agrees with its t-test.
The PCA scores also show how the asthma patients are far more heterogeneous than the control individuals. One group of patients scores low on PC2 and therefore has a far above-average abundance of basophils and eosinophils (low on PC2), while another group scores high on PC2 due to a high abundance of Tc2 cells and classical monocytes (which include some erroneously gated small neutrophils). As the sample-level PCA model in Fig. 8 describes 46% of the variance in the data, PCs 3 and higher may contain even more such subgrouping. This heterogeneity among asthma patients may be the reason that basophils, nonclassical monocytes and Tc2 cells do not show signicant elevation for asthma patients (Table 3) . However, treating each MFC sample as a fully resolved mixture of cells-analogous to an omics approach-reveals such individualized aspects of the disease. Although the PCA model in Fig. 7 is very insightful, it still requires the expertise and resources of sequentially gating each MFC sample. A comparison using one of the automatically generated models from the previous section may be much more helpful.
Citrus provided a diagnostic accuracy of 79.4%, using double cross validation. Five out of the 31 cluster nodes were included and highlighted in Fig. 8 . One node with basophils and eosinophils was increased in the asthma patients, and a CD4 T cell subset and three neutrophil subsets are decreased in the asthma patients.
Using the same double cross validation as Citrus, we achieved an accuracy of 85.6% for the discriminant analysis using DAMACY (Fig. 9) . DAMACY reveals which single cells within the PCA map are more or less abundant in the asthmatic patients. Two cell clusters (indicated as E1 and E3) are higher-abundant and ve other cell clusters (E2, D1, A, T8 and T4) are less-occupied. The DAMACY map would suggest that cell cluster E3 could be eosinophils as the loadings CD16, CRTH2 and CD123 are pointing towards this cluster. However, cell clusters E1, E2 and E3 are neutrophils with increasing size by comparing these clusters to the manual gates and their original scatter intensity. Therefore, our hierarchical analysis of the immune system with DAMACY shows additional cell subtyping Table 3 Hypothesis testing based on the percentages of the different cell (sub)types found with sequential manual gating using the strategy described in Fig. 2 that could not be resolved by gating separate samples, either sequentially or with the automated methods compared before. The classication accuracies of 79-86% for both methods are considerable. Although the population-level PCA model (Fig. 7) would allow a seemingly better linear separation between asthma and control samples, both classication accuracies are reported for unseen data and the PCA model validity is limited to the samples in the current data set.
DAMACY shows a direct relationship between surface proteins, cells, cell types and patients: for example, above-average co-expression of CD16 together with CRTH2, CD123 and CD14 is associated with cells that cluster into a 'big neutrophil' cell type (E3). This type is higher-abundant together with the small neutrophils (E1), which together are part of the multicellular biomarker for asthma: this increase is more severe for asthma patients with higher disease predictions (Fig. 9, le panel) .
DAMACY showed that asthma patients have more 'small' (E1) and 'big' neutrophils (E3) and less normal-sized neutrophils (E2). Citrus only nds three neutrophil nodes that contain less cells in the asthma patients than in the controls. Table 2 shows that the overall neutrophil population is signicantly increased for asthma, but the descent to the single-cell level nds intricacies and heterogeneities within cell populations that aid discrimination between MFC samples and is therefore potentially invaluable to understand asthma.
Apart from the eosinophils (C), DAMACY retrieves all cell types that sequentialbased t-tests also found. Citrus came to a similar classication accuracy, needing only the populations that decrease in abundance (together with a single basophil node that DAMACY did not nd as higher-abundant). This sparsity is directly aligned with Occam's razor and therefore statistically favorable. For the analysis of (any type of) omics data, imposing sparsity should be treated with caution. Especially in binary classications, highly generic or less-informative features may be sufficiently discriminative to reach a certain classication accuracy. This statistically sound limitation is, however, counterproductive for the objective of omics studies, which is the retrieval of all biomolecules associated with a specic biochemical process.
General discussion
Although the data used throughout this study has been carefully collected, measured and preprocessed, all observations are specic for this data set. The study thereby focuses on immunophenotyping, i.e. resolving mixtures of different cell types. Other applications of MFC focus more on the activation of specic cell types, or comparing samples of an individual for different time-points, which might show different results for a similar critical comparison. Secondly, we limited our analyses to the implementation of the methods as they are available in the literature. In principle, quality characteristics could be devised to evaluate how SPADE, FlowSOM and t-SNE recover the original data but this requires further research. Another interesting extension would be the hybridization of different methods, e.g. using t-SNE for DAMACY or the SPADE down sampling in the other methods.
In principle, the methods described here are able to analyze every piece of microparticle data. MFC is a high throughput and well established quantitative analytical instrument and is routinely used in hospitals. 45 For the representative asthma sample, 0.03% Tc2 cells in a total of 102 thousand cells were measured. This leads to 35 cells measured and already most methods have trouble detecting this group of cells. Most other single cell omics instruments yield only a fraction of the number of cells measured and are thus unable to detect these rarer cell subtypes. 40 Moreover, these single cell omics data suffer from more technical variability than MFC, which is enhanced by the number of variables measured and thus it will be harder to distinguish the biological relevant variability from the technical variability.
Conclusions
Multicolor ow cytometry is invaluable to chemically characterize cells in a biomedical sample. Manual sequential gating is extremely labor and resourceintensive, such that automated methods to resolve such a sample into different cell types based on their surface protein expression have considerable intrinsic value. This is supported by the diverse methodologies that have been presented in the literature. Developing quality criteria to describe resolving such cell mixtures are context-specic, but we have qualitatively evaluated the methods based on the analysis of an MFC sample obtained from an asthma patient. Each of the four compared methods provided an insightful overview of the mixture, but each method had pre-dened aspects in which it excelled. Although principal component analysis did not resolve all cell types in the mixture well, using it as a basis for hierarchically comparing MFC samples for disease biomarker cells with specic surface marker expressions revealed even more populations than the analysis of a single sample. We also showed how detrimental the implementation of sparsity might be in comprehensively resolving mixtures in high-dimensional biochemistry. Such hierarchies in mixtures become much more prevalent in analytical chemistry, for example in characterizing the complexome of different proteins within a biouid. Also, in industrial recycling where objects in heterogeneous waste streams need to be individually chemically characterized and separated, the compared technologies may be directly applied.
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